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Abstract

Machine-derived sentiment analysis has become a pervasive and useful tool to
address a wide array of issues in natural language processing. Leading technology
companies such as Google now provide sentiment analysis tools (SATs) as readily
accessible online products. Academic researchers develop and make available SATs
to support the research enterprise. One of the major challenges with SATs is the
inconsistencies in results among the various SATs. Consequently, the selection of
a SAT for a specific purpose may significantly impact the application. This study
addresses the foregoing problem by utilizing structural equation modeling to merge
the outputs of SATs to develop a combined sentiment metric without the need for
a labeled training dataset. This method is applicable to a wide range of text-based
problems, is data-driven, and replicable. It was tested using three publicly available
datasets and compared against seven different SATs. The results indicate that as a
continous measure, the proposed method outperformed other SATs in the movie
reviews and SemEval datasets, and achieved a tie for first place with IBM Watson on
the Sentiment 140 dataset. Also, compared to the published major alternatives, the
arithmetic mean solution, this approach performed better across these three datasets.

Keywords Sentiment analysis - Sentiment tools - Natural language processing - Text
processing - Combining sentiment analysis tools - Structural equation modeling -
Amazon comprehend - Text blob - Vader - Google nlp - Ibm watson - Sentiment

140 - Stanford corenlp

Introduction

Sentiment analysis (SA) is a technique that is used to investigate attitudes, emo-
tions, feelings, opinions, and views expressed in documents [1, 2]. The format of
documents can vary from audio, text, and video formats. [3—6]. The term “sentiment
analysis” is more commonly used but can also be referred to as “opinion mining”
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[1-3, 7-10]. Gathering the opinion of individuals is not a new idea. The Greeks
used voting to gauge public opinion in the 5th Century B.C. [10]. Research studies
on sentiment analysis started during the second half of the 20th century, followed by
a surge in publications during the first decade of the 21st century [9, 10]. Over the
decades, SA tasks have evolved to analyze multiple document types, domains, and
languages. Some applications of SA can be seen in movie reviews, product reviews,
restaurant reviews, fake news detection, spam detection, public opinion on gov-
ernment policies, stock price prediction, vote estimation in elections, and to study
media tone and polarization [7, 9—15].

Machine Learning Algorithms (MLAS) revolutionized the field of SA. MLAs can
learn from big data, which can be processed quickly by High-Performance Com-
puting (HPC). Apart from pre- and post-data processing, SA consists of two main
steps: (a) detecting sentiment in the document, and (b) sentiment classification [1,
8]. Issues and complexities regarding SA have not been solved completely, despite
SA being a heavily researched problem with only two primary steps, practical func-
tional applications, and a concurrent surge in processing capabilities (e.g., MLA,
Big data, HPC). The primary reason for these challenges involves the language itself
because processing and understanding natural language (e.g., accounting for words
having multiple meanings, sarcasm, and humor) is complex. The complexity further
increases with multilingualism.

Three approaches to implement SA are: (a) manual, (b) models, and (c) tools.
Manually performing SA is labor-intensive, requires multiple raters to establish
reliability, and is not timely. Models and tools can overcome these disadvantages.
However, because human interpretation is necessary to determine the true senti-
ment of a document, the manual approach is essential to generate labeled datasets
such as SemEval for training and evaluation of the models and tools [16]. Models
were developed by researchers to address their specific research needs. These cus-
tom-built models require compute resources and human-generated or labeled data-
sets to train and validate. In contrast, sentiment analysis tools (SATs) are pre-built,
user-friendly applications provided by companies such as Google. While SATs may
utilize sophisticated models on the backend, the burden of model development and
training is not on the user. Additionally, SATs are advantageous in terms of their
ease of use, multilingual support, generalizability across datasets, and eliminates the
need for labeled datasets for training (because they have likely already been vali-
dated). Researchers and individuals have increasingly adopted SA tools, but there is
considerable variability among the results generated by different SATs. Variability
among tools suggest that the selection of tools can impact the outcome of a study
[17-19].

The current research examined structural equation modeling (SEM), a method
commonly used in social sciences, to combine the output from seven SATs into a
single metric (i.e., a combined sentiment metric [CSM]). SEM capitalizes on the
shared variance between the SAT output to infer sentiment. A minimum of three
SATs are required with no upper limit to implement this approach. The major
advancement of this method is that, assuming there are validated SATs, it can be
applied to any dataset and the result is assumed to be a valid metric of sentiment
without the need for a manually labeled dataset. Results suggest that this approach is
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equally or more accurate when compared with using any one tool alone and is more
effective than the arithmetic mean as performed previously [20]. Additionally, SEM
can be used to combine these scores without empirical or subject matter expertise
about the relative quality of the component SATs in unique document contexts.

Related research

Based on the algorithmic approach followed, previous research on SA is divided
into three categories: (a) machine learning (ML), (b) lexicon, and (c) hybrid [8,
21, 22]. ML is subdivided into supervised learning (SL) and unsupervised learn-
ing. SA studies more often employ SL approaches than unsupervised learning [23].
SL approaches consist of five steps: (a) construction of training and test datasets
with labels, (b) model building, (c) model training, (d) model testing, and (e) model
deployment to perform sentiment analysis on an unseen dataset. ML approaches
automatically learn features from data, thereby removing the need of manually cod-
ing each word (as is required for lexicon-based approaches), and it provides better
accuracy than lexicon models [21]. However, training and testing datasets require
resource intensive manual labeling, and corrupted training datasets can compromise
the model’s effectiveness. Some examples of SL approaches are Support Vector
Machines, Neural Networks, and Naive Bayes [23]. The lexicon-based approaches
calculate the sentiment score of the document by assigning values for words from
the dictionary [21, 23]. Two prominent lexicon approaches are dictionary-based and
corpus-based. Unlike SL, this approach does not require training and testing datasets.
However, it requires manual intervention in generating lexicons [21]. A drawback of
lexicon-based approaches is that one word may determine the sentiment of a docu-
ment irrespective of context. Figure 1 presents the sentiment scores from different
SATs for a tweet. From Fig. 1, we can see that only the lexicon-based SATs (Text-
Blob and VADER) generated a negative sentiment score for the tweet because the
word ASSAULT is assigned with a negative value in the lexicon. Hybrid approaches
are the union of ML and lexicon-based approaches [8, 21]. Hybrid approaches are
resilient for a change in the topic domain [8]. They can provide better classification
accuracy and precision [24].

‘Negative Sentiment
word in Lexicon

TWEET : ASSAULT — COLD at NW BROADWAY / NW HOYT ST, PORT
[Portland Police #PP20000145610] 13:12 #pdx911

Amazon Google | IBM Sentiment | Standford | TextBlob | VADER
Comprehend | NLP | Watson 140 CoreNLP

0 0 0 0 0 -0.6 -0.6739

Fig. 1 Sentiment scores ranging from —1 (highly negative) to 1 (highly positive) for a tweet by seven
tools
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There are over 6800 spoken languages with English being the dominant language
[25]. The research community has focused on developing SA techniques and lexi-
cons for English [26]. Apart from English, SA is available for other languages such
as Mandarin [27], Hindi [14], Spanish [28], and Arabic [29] (the four most spoken
languages following English). However, multilingual SA suffers from the scarcity
of resources such as lexicons and corpora [26]. One way to overcome resource scar-
city is by converting non-English documents into English because of the abundant
resources available. The next step is to apply existing tools or models of the English
language (such as SentiWordNet) to perform SA. Utilizing this approach, research-
ers have achieved an accuracy of 66% on the German movie reviews dataset [30].
Most SA techniques can only work on one language, and it is currently not possible
for a single model to perform SA on all languages.

Datasets are required to perform model training, validation, and evaluations for
SA. Available datasets can be divided into three categories based on the dataset’s
purpose, the procedure followed for labeling, and the domain types (see Fig. 2).
Open source datasets (e.g., STS-Gold) are used in comparative studies to determine
the optimal model. Custom-built datasets provide high accuracy. However, they are
designed to meet the requirements of a particular study as in [31]. Manual datasets
(e.g., SemEval) are labeled by humans whereas, labels for automatic datasets (e.g.,
Sentiment 140) are generated by using natural language processing techniques or
pre-trained models [32]. Datasets are available for different domains such as lan-
guages [14, 26-29], medical (e.g., MedBlog) [33], news (e.g., news headlines data-
set) [21], social media (e.g., Twitter) [32], and customer reviews (e.g., hotel, movie,
restaurant reviews.) [34]. Evaluation metrics for SA techniques are true positive,
false positive, true negative, false negative, accuracy, precision, recall, and fl-score
[19, 24].

Datasets

A4 v A

Dataset Labeling Domain
Purpose Procedure Types

Open Source 4—\
Custom Built 4—,
Manual }

Medical
News

Automatic
Languages
Reviews
Social Media

Fig. 2 Datasets classification for sentiment analysis
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Different SATs cannot provide an identical sentiment score and this can impact
sentiment polarity. Researchers have worked to address this issue by combining the
sentiment scores from different SATs. Seven tools (Emoticons, Happiness Index,
A Pychometric Scale for Measuring Sentiments on Twitter (PANAS-t), (SailAil
Sentiment Analyzer) SASA, SenticNet, SentiStrength, and SentiWordNet) were
combined to develop a new tool called the Combined-method [19]. For any given
dataset, the Combined-method aims to increase coverage and agreement by ana-
lyzing the precision and recall of all of the tools. The authors developed an API
iFeel, which enabled researchers to perform comparisons among tools (including
the proposed tool). The downside of this method was that it relied on weights con-
structed from precision and recall, and thus before being applied to a novel data
source, would need to have a manually labeled dataset. In a recent study, four SATs
(Amazon Comprehend, Google Natural Language, IBM Watson Natural Language
Understanding, and Microsoft Text Analytics) scores were combined scores by tak-
ing the average [20]. They demonstrated an increased polarity prediction accuracy
on a massive open online course (MOOC) dataset. The weakness of this method is
that it implicitly assumes that all measures of sentiment are equal. However, prior
research has demonstrated that different SATs perform differently with some being
better indicators of sentiment.

Sentiment analysis tools

To examine the inconsistencies among SATs, we identified tweets with police key-
words from May 1 to 31 of 2020. The keywords to generate this dataset included:
police, cops, and sheriff. From these tweets, 300 random tweets were selected each
day to create a police tweet dataset with 9,300 police tweets. This dataset allowed
for the examination of inconsistencies over time between SATs during a period of
changing sentiment toward police in response to George Floyd’s death. However, we
did not use the police tweets dataset to evaluate the proposed approach (CSM tool)
because it requires manual labeling to evaluate the relative performance of various
SATs and it is labor intensive. To overcome this drawback, we evaluated the pro-
posed approach with three publicly available datasets.

An overview of the seven SATs used in this research is presented in Table 1.
These tools vary in several aspects, such as underlying approach, costs, output, and
the number of supported languages. Three (Amazon Comprehend, Sentiment 140,
and Stanford CoreNLP) out of seven SATs do not provide output in the range of —1
to 1. These three SATs were converted into a —1 to 1 scale. For Amazon Compre-
hend if sentiment = NEUTRAL or MIXED then score = 0, if sentiment = POSI-
TIVE then score = positive likelihood value, and if sentiment = NEGATIVE then
score = - negative likelihood value. In the case of Sentiment 140, if output = 4 then
score = 1, if output = O then score = —1 and if output = 2 then score = 0. For
the Stanford CoreNLP if the output = Positive then score = 0.5, if output = Very
Positive then score =1, if output = Negative then score = —0.5, if output = Very
Negative then score = —1, and if output = neutral then score = 0. After converting
the SAT’s output into a common scale, they were classified as positive (score > 0),
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negative (score < 0), and neutral (score = 0). Of note, there is likely a pre-process-
ing procedure programmed into the SATs that provide continuous output given that
a score of 0 is unlikely to be common on a continuous scale.

The total positive, negative, and neutral sentiment classification of the police
tweet dataset by the SATs are provided in column four of Table 1. Lexicon-based
SATs (TextBlob and VADER) predict a higher number of positive tweets than ML-
based SATs (Amazon Comprehend, Google NLP, IBM Watson, Sentiment 140,
Stanford CoreNLP). Amazon Comprehend identified the lowest number of posi-
tive tweets and the highest number was identified by TextBlob. Regarding nega-
tive tweets, Google NLP classified the most and Sentiment 140 identified the few-
est. Alternatively, regarding neutral tweets, Sentiment 140 classified the most, and
Google NLP identified the least.

Often SA studies are conducted over a period of time to determine the change in
sentiment toward an entity. Figure 3 depicts the total number of daily negative senti-
ment police tweets by SATs for a month. From Fig. 3, we can see that the selected
SAT can impact the output of time-series studies. If tools are in perfect agreement
with each other, then all seven lines in Fig. 3 should overlap, which is not the case.
For negative police tweets, VADER and Amazon Comprehend have high agreement
with the lowest daily average difference of 2.71. However, this agreement does not
hold for a positive and neutral sentiment. Google NLP and Sentiment 140 have the
poorest agreement with the highest daily average difference of 152.61.

While all of the SATs demonstrated increasingly negative sentiment toward
police following George Floyd’s death, the magnitude of increase varied between

—e— Google NLP —¥— VADER —— TextBlob —k— Sentiment 140
—e— IBM Watson ~ —%— Amazon Comprehend = —#— Stanford CoreNLP

= N N
wu [=] S
o o o

Number of Negative police tweets
S
o

50

5/1/2020
5/6/2020
5/11/2020
16/2020
5/21/2020
5/26/2020
5/31/2020

Days in month of May

Fig. 3 Daily distribution of negative police tweets by tools for May 2020
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the tools with VADER and Amazon Comprehend demonstrating the largest increase.
If a researcher used, for example, Sentiment 140 to research this phenomenon, they
may determine that negative sentiment did increase, but not to the level of plural-
ity and that sentiment immediately began returning to typical levels. Alternatively,
if a researcher used VADER, they would determine that sentiment dramatically
increased such that negative sentiment was modal and while a small reduction in
negative sentiment was observed, it did not approach normality by the end of May.

This example highlights the difficulties that policymakers and researchers have
when applying SATs. Depending on the choice of SAT, two investigations may
yield very different conclusions while maintaining the face validity of an increase in
negative tweets following George Floyd’s death. Further, without manually coding
tweets, it is not clear which SAT has the best performance.

Proposed approach

PySpark version 3.1.1 was used for data type conversion, preprocessing, and col-
lecting the outcomes of the SATs. Data manipulation and standard statistical analy-
ses were conducted using SAS software version 9.4. SEM was implemented using
Mplus version 8.4 [41].

Structural equation modeling (SEM) was developed in the early 1970 s as a
method for using the covariance/variance matrix structure of observed variables to
measure unobservable constructs [42]. SEM has been particularly helpful in psy-
chology because it provides a general measurement model for the number of con-
structs that can only be inferred by symptoms rather than directly observed. For
example, depression cannot be directly observed. However, its presence can be
inferred from low affect, anhedonia, sleep disturbances, etc. Another way of concep-
tualizing SEM latent variables is that they are inferred from common variance of the
indicators.

Confirmatory Factor Analysis is the most general form of SEM (and the one used
in this paper). In this approach, each observed indicator (y,;) is assumed to be deter-
mined from a combination of the unmeasured variable (represented by the Greek
letter eta, ;) with a loading (b,;, which is essentially a regression coefficient), and
residual variance (refer to equations (1) and (2) below). The only difference between
equations (1) and (2) is that they apply to two separate indicators. Residuals (e) and
latent variables (#) are assumed to be normally distributed variables with a variance
of 62 and 2, respectively, and a mean of zero. Because each of the variables con-
tains an identical #; in their equation, the optimized value of this variable, the load-
ings, and the residual variance can be estimated to maximize fit in a given dataset.
SEM is a particularly effective measurement strategy because the resulting latent
variable # is not impacted by the measurement error of the indicators. Variance
caused by measurement error is included only in the residuals because such errors
are idiosyncratic to each indicator. Of note, while an intercept (b,,) is a component
of each variable, it is a constant and does not impact the variance/covariance matrix
and so drops from the estimation of #;.
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A maximum likelihood estimation [43] was used to determine the optimal
values of these parameters. Metrics of the goodness of fit are available to deter-
mine whether a model needs to be modified to increase fit within a dataset [44].
Specifically, common goodness of fit metrics are: comparative fit index (CFI),
root mean square error of approximation (RMSEA), and standardized root mean
squared residual (SRMR). CFI is a measure of fit between the null model (i.e., a
poorly fit model without covariances) and the proposed model. CFI can be cal-
culated with degrees of freedom (df) and chi-square (x?) of null (saturated) and
proposed (reduced) models; CFI > .95 indicates good fit (refer to equation (5)).
RMSEA is an absolute measure of fit in which values near or less than.05 indicate
good fit (refer to equation (6)). SRMR is another metric of absolute fit that com-
pares observed covariances (s;) with estimated covariances (6;), values of SRMR
less than.08 indicate good fit (refer to equation (7)).

Yii=bio+ by * mi+ ey (1)
Yoi = by + by % M+ ey (2)
e ~ N(0,0%) 3)
n ~ NQ©,y%) @

2 2
()(nu - df"””) - <’1/ ropose - df 1O, osed)
crr= proposed PP ®)

(I fuu ~ dfyu)

[dfN — 1]
SRMR =4|2 % D' Y'[(s; = 6,)/(sus;))/p(p + 1) @

i=1 j=1

Just as it is unknown what is the true level of depression is within an individual, sen-
timent for a given document is not known (unless rated by humans). Instead, tools
estimate the sentiment of a document with presumably varying degrees of success.
As such, the results of each tool are informed by, but not identical to, the true senti-
ment of a document. The degree to which a tool’s results are discrepant from true
sentiment is due in part to tool-specific measurement error.

As such, sentiment analysis presents an ideal situation to apply SEM to deter-
mine the overall sentiment of the document because there are multiple imperfect
indicators (tools) of an unobserved construct (true sentiment). CSM is favored
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over previous methods for multiple reasons (points 1 to 3), and it also provides
extra conveniences (points 4 to 6) that increase its practicality.

1. The loadings of each tool on latent sentiment are not restricted to be equal as is the
case when multiple tools are averaged. This allows for tools that better estimate
true sentiment to have a greater influence on the resulting latent variable.

2. SEM removes the need for researchers to decide between one tool or another for
estimating sentiment and can prevent errors caused by selecting an inappropriate
tool. Tools that work well in one context (e.g., with Twitter tweets) may not work
well in another (e.g., with Reddit posts). However, given that the most appropri-
ate tool will be most similar to true sentiment, the weights of that tool in an SEM
model will be higher than for inappropriate tools.

3. Using SEM removes measurement errors associated with a given tool. By only
using common variance to estimate latent sentiment, the estimate is not impacted
by systematic problems with individual tools. Averaging will reduce the impact
of these problems but will not remove their influence.

4. The maximum likelihood estimation algorithms are incredibly fast to run relative
to computationally intensive machine learning algorithms. The equation for the
current research took one second to converge.

5. SEM is a well-established procedure and multiple specialized programs (e.g.,
Mplus, LISREL, AMOS) and non-specialized packages (e.g., R and python pack-
ages) exist to estimate SEM models. The output from one program is within a
rounding error of the same model estimated in a different program.

6. Finally, SEM models have been expanded to accommodate a wide variety of data
inputs and can handle many forms of non-normal data. As such, these models can
handle output from tools that produce different types of output (e.g., continuous,
ordinal, etc.).

Results
Description of data sources

The proposed approach was tested with three datasets related to two different
domains Twitter and Movies. These datasets are widely used and accepted by the
research community to perform model evaluations.

e Semantic Evaluation (SemEval) is a series of workshops started in 1998 with
a word sense task as the primary focus [44]. Over the decades SemEval evalu-
ations extended to include multiple tasks (e.g., emotion detection, product
reviews, and sentiment analysis in Twitter) and languages (e.g., Arabic, Chinese,
and Spanish) [16]. For this research, we utilized the task B training dataset from
SemEval-2013. This dataset consists of 9,684 tweets with manually classified
polarity as positive, negative or neutral.

e The Movie reviews dataset consists of 50,000 IMDB reviews with an equal num-
ber of positive and negative reviews [45]. Unlike SemEval, these reviews are coded
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automatically using star ratings, which vary from 1 to 10. If a review has a rating
seven or higher then it is labeled as positive and labeled as negative if the rating is
four or lower. From this dataset, we selected a random sample of 1,500 positive and
1,500 negative reviews.

e Stanford University developed a dataset with 1.6 million tweets to train Sentiment
140 SAT. Similar to the Movie reviews dataset, the Sentiment 140 dataset was not
labeled manually but they differ in their automatic labeling procedure. In the Senti-
ment 140 dataset, tweets were labeled as positive and negative based on positive
and negative emoticons, respectively [46]. From this dataset, a set of 3,000 tweets
were selected at random with an equal number of positive and negative tweets.

Evaluation metrics

Continuous fit was measured using Spearman’s Rho (p) as described in this equation:

6Y d?

T —1)

p=1 (@)
where, d is difference between ranks of an observation from a set of n observations.
This correlation coefficient uses rank rather than covariance to determine correla-
tion. As such, it is a non-parametric measure ideal for assessing correlations with
ordinal data (i.e., SemEval human-rated values).

Cut points were derived from the continuous latent variable and arithmetic means
using Youden’s J criteria [47] (i.e., maximizing the sum of sensitivity and specificity)
using a subset of documents as a training dataset with the remaining documents used to
evaluate agreement. By utilizing these criteria, measures were compared globally using
weighted Cohen’s kappa [48], which was calculated as shown in the equations below.

-
2l Z/‘=1 Wi Xij

=T
2ol Zj:l Wi M

where, k, Wy Xy My; are total codes, weight matrix elements, observed matrix ele-
ments, and expected matrix elements, respectively. Negative and positive agreement
were assessed using precision (Prec), recall (Rec), and f1-score (f1) as follows:

Weighted Kappa = 1 — ©

Prec = _TIP_ (10)
TP + FP
TP
Rec = ———
“TTPLFN an
Fl=2% Prec * Rec (12)

Prec + Rec

where, TP, FP, FN, are true positives, false positives, and false negatives, respec-
tively. Documents in Movie reviews and Sentiment 140 datasets were classified as
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either positive or negative (i.e., binary classification rather than continuous), only a
single cut point can be derived for the CSM tool. Therefore, comparisons between
the CSM tool and the tools with three categories would be biased and thus were not
conducted.

SATs and CSM tool comparisons

For the Movie reviews dataset, the original model indicated a misfit (RMSEA = .08)
that was due to the covariance between TextBlob and VADER. This makes logi-
cal sense as these two tools are the only lexical-based tools. Adding this covariance
resulted in a model with an excellent fit (CFI = .99, RMSEA = .05, SRMR = .01).

For the Sentiment 140 dataset, the original model indicated a misfit (CFI = .94,
RMSEA = .11). This was due to covariances between the residuals of TextBlob and
VADER and the residuals of Sentiment 140 and Vader. Adding these covariances
resulted in a model with good fit (CFI = .99, RMSEA = .06, SRMR = .02).

For the SemEval dataset, the original model had some indication of misfit
(RMSEA = .08) and modification indices suggested a residual covariance between
TextBlob and VADER. After adding this residual covariance, the model had an
excellent fit (CFI = .99, RMSEA = .04, SRMR = .01). The estimated latent senti-
ment for each document was exported from this model. Using 3000 labeled tweets,
using logistic regression, latent sentiment was used to predict two dummy codes
identifying negative (vs. neutral or positive) and positive (vs. neutral or negative)
tweets. Following each regression, a classification table was created to identify the
number of correct and incorrect classifications for potential cutpoints across dif-
ferent values of latent sentiment. The best cutpoint was identified by maximizing
Youden’s J [47]. Similarly, cut points were determined on the arithmetic average at
-.061 and.202.

Cut points were not developed for the Movie reviews or Sentiment 140 datasets
because these only contain positive and negative documents. While a cut point could
be developed to distinguish these two types of documents, comparing it to SATSs
designed to distinguish between three types of documents (positive, neutral, and
negative) would not be informative.

Overall comparisons between the SATs and the combined tools are presented
in Table 2. As a continuous measure, the CSM tool (we developed using a SEM
approach) performed better than all other tools, including the arithmetic average,
for both the Movie reviews dataset and the SemEval dataset. However, for the Senti-
ment 140 dataset both the CSM tool and IBM Watson were tied as the best tools. For
SemEval, in terms of the categorical agreement (Weighted Kappa), Amazon Com-
prehend performed best, but the CSM tool performed second best. These results
also demonstrate the substantial variability in the accuracy of the SATs compared to
human-rated sentiment.

In comparison, for SemEval dataset, Amazon Comprehend again emerged as an
optimal solution for sentiment regarding precision and fl-scores (see Table 3). IBM
Watson performed best regarding negative sentiment and Google NLP performed
best regarding positive sentiment. The CSM tool consistently performed as one of
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Table2 Overall Measurement of Agreement

Sentiment Analysis Tools (SATs) Movie Sentiment SemEval (p) SemEval
reviews (p) 140 (p) (Weighted
Kappa)
CSM Tool (Proposed method) 77 .62 72 .62
Arithmetic Average [20] 72 .60 .68 .53
Amazon Comprehend [35] 74 42 .70 .65
Google NLP [36] .76 .53 .62 45
IBM Watson [37] 74 .62 .57 44
Sentiment 140 [38] 47 .59 43 .36
Stanford CoreNLP [39] 32 31 24 17
TextBlob [40] .58 .33 44 34
VADER [41] 49 42 52 41

For Each Dataset, Bold Numbers Indicate the Tools with the Highest Agreement Measure

the better tools, having higher recall than Amazon Comprehend and better precision
than IBM Watson and Google NLP. It also outperformed the arithmetic average for
all metrics, except for the recall associated with negative sentiment.

Selection of the best SAT

In situations where multiple SATs cannot be used to create combined sentiment met-
ric on the whole dataset due to limited budget, SEM can assist the researchers to
select the best SAT. Implementing SEM with the paid SATs can become costly, par-
ticularly as the number of queries or the size of the dataset grows. Some paid SATs,
like Google NLP, either offer free usage or significantly lower fees for the first few
queries. So, the researchers can construct an SEM using a sample of the dataset-such
as a few hundred randomly selected queries (e.g., tweets or movie reviews)-from a
original larger dataset of tens of thousands. The SEM built on this smaller sample
can guide the researchers in selecting the best SAT, which can then be applied to the
full dataset. This strategy of using SEM on a smaller subset helps reduce expenses
for the study.

To create a combined metric, SEM calculates a series of loadings indicating
the association between the latent construct and the sentiment tools. These load-
ings were standardized to make them directly comparable to each other. Loadings
of SATs for the three datasets are presented in Table 4. Loadings are highest for
Amazon Comprehend in the SemEval dataset, Google NLP and IBM Watson in the
Movie reviews dataset, and IBM Watson in the Sentiment 140 dataset, correspond-
ing to the best individual sentiment tool for each dataset as measured in Tables 2 and
3. Outside of identifying the best tool, these loadings generally indicated the rela-
tive rankings of each of the remaining SATs. Therefore, researchers would be able
to identify a single highly appropriate SAT for a novel population of documents by
selecting the tool with the highest loading from the creation of a CSM.
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Table 4 Loadings for different sentiment analysis tools on three datasets

Sentiment analysis tools (SATs) SemEval Movie reviews Sentiment 140
Amazon Comprehend [35] 84 .84 .53
Google NLP [36] .81 91 .83
IBM Watson [37] .79 91 .84
Sentiment 140 [38] .58 .67 .70
Stanford CoreNLP [39] 34 .39 49
TextBlob [40] .56 .76 .61
VADER [41] .68 .64 76

For Each Dataset, Bold Numbers Indicate the Tools with the Highest Loadings

CSM tool with and without the best SATs

Given the array of sentiment tools available, it is possible that researchers may not
use or have access to what may be the best tools available. To examine the robust-
ness of using the proposed CSM tool, we compared associations with the ground
truth from each of the three datasets after excluding the best tool. We also compared
this after removing the top three tools leaving only the four lower performing senti-
ment analysis tools. Results in Table 5 demonstrate small declines in association
with the ground truth when excluding the single best tool with the CSM performing
better than all but one of the sentiment tools. Larger decreases were observed when
excluding the best three tools. We suggest users not to drop multiple best SAT’s
while calculating CSM as it can reduce the accuracy of CSM. However, in all cases,
the CSM performed better than any component tool (i.e., SAT included in estima-
tion). Therefore, CSM can be used to improve even less than ideal sets of SATS.

CSM tool with free SATs

Given the need to perform tasks without the resources to access paid tools, situations
may emerge where only free tools are available. Of note, four of the examined senti-
ment tools (Sentiment 140, Stanford CoreNLP, TextBlob, and VADER) are freely
available. We calculated CSM using only these free tools and the results are pre-
sented in Table 6. For SemEval and Movie reviews datasets this variable correlated

Table 5 Results of the CSM
tool with and without the best
sentiment analysis tools

Sentiment analysis tools (SATs) SemEval (p) Movie Senti-
reviews — ment

(p) 140 (p)
With all SATs 72 77 .62
Without best SAT .67 5 .59
Without top three best SATs 57 .62 45

For Each Dataset, Bold Numbers Indicate the Tool with the Highest
Association with Ground Truth dataset
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with the gold standard (p = .57 for SemEval and p = .62 for Movie reviews) at a
higher level than any of the single free SATs (refer to Tables 2 and 6). In the SemE-
val dataset, CSM with free SATs (p = .57) performed equally to one of the paid
SATs (p = .57 for IBM Watson). Similarly, In the Sentiment 140 dataset, this vari-
able correlated with the gold standard (p = .51) at a higher level than any of the sin-
gle free sentiment tools except for the Sentiment 140 SAT (p = .59). Interestingly,
in the Sentiment 140 dataset, the correlation between the CSM tool using only free
SATs with the gold standard was even higher than one of the paid SATs (p = .42 for
Amazon Comprehend).

Discussion

The current research details the discrepancies between different SATs and how this
can lead to different interpretations of research. Also, we classified available SA
datasets into three groups based on the dataset’s purpose, the procedure followed
for labeling, and the domain types. We used SEM, a technique used commonly in
the social sciences, to combine multiple measures of sentiment into a unified latent
score. Results indicate that this approach was effective in creating a measure that
outperformed most measures of sentiment with a fraction of the effort needed to
train a unique algorithm and without the necessity of a subject matter expert to
select an appropriate pre-made sentiment tool. Additionally, the CSM tool outper-
formed the arithmetic average. The measure was the best when examining sentiment
as a continuous phenomenon, which likely corresponds to the assumed continu-
ous distribution of the latent variable. This approach has several benefits above and
beyond other approaches.

1. When using sentiment as a continuous tool, no human-rated dataset is needed.
Sentiment can be plotted over time or compared between contexts without any
labeled data. Because the CSM tool uses the common variance of each individual
tool, the performance of the CSM tool can be assumed to be the best or nearly the
best approach. If categorical data (e.g., positive, neutral, or negative sentiment)
is needed, a labeled training dataset is needed to derive the specific cut points
delineating these categories on the CSM tool. To accomplish this, human raters
would need to label a subset of the data according to the desired categories (e.g.,
positive, neutral, negative) and identify cut points using the methods described in

Table 6 Results of the CSM

X . Sentiment Analysis SemEval (p) Movie Senti-
tool .w1th and rvuhout :he free Tools (SATS) reviews (p) ment
sentiment analysis tools 140 (p)

With all SATs 72 77 .62
Without free SATs .57 .62 S1

For Each Dataset, Bold Numbers Indicate the Tools with the Highest
Association with Ground Truth dataset
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Sect. 5.3. It may be possible to estimate these without the use of a training dataset
using mixture models, but further research is needed to evaluate this method.

2. To improve the performance of SATs, SAT providers such as Amazon, Google,
and IBM are constantly updating the SATs. This means that depending on
resource allocation by SAT providers the best SAT may change overtime. To
get accurate results, in less time, and for less price, researchers and individuals
needs to know, what is the best SAT to perform sentiment analysis at a particu-
lar time? One approach to answer this question is to evaluate SATs on a dataset
with ground truths. This approach has drawbacks; it requires manual labeling to
generate ground truths, which is labor intensive, time consuming, and expensive.
The CSM approach proposed in this research can overcome these drawbacks by
selecting the tool with the highest loadings as a preferred choice.

3. The use of SEM does not require each of the indicator tools to have comparable
weights. In the current research, many indicator tools were poorly associated with
the human-rated dataset and as such would ideally not have as much influence on
the resulting combined tool. As was observed in the current study, such indicators
should have little influence on the latent assessment of sentiment. Furthermore,
this determination was made mathematically rather than by researchers, reducing
the chance that bias may influence results and increase the replicability. A major
added benefit of this is that the method is generalizable to novel contexts. The
current research used two disparate types of documents, but any type of document
should be optimized by this method.

Some limitations of this study are, firstly, since the output of SATs is the primary
input to the CSM tool, the performance of the CSM tool relies on selected SATS.
Hence researchers should be cautious at the time of selecting SATs; more inputs
of higher quality can result in creating a better CSM tool. Secondly, all the SATs
are not free of charge, choosing multiple tools may be expensive, especially for
huge datasets. Thirdly, the CSM tool requires at least three SATs to generate the
output. The overall time taken (time taken by SATs + time for SEM) to generate a
CSM is greater than the time taken by any one of the tools alone. This time can be
reduced by processing all the SATs in parallel since the output of one SAT does not
depend on another. Finally, the resulting CSM is distributed as a standard normal
curve based on the documents used to create it. While higher scores indicate more
positive sentiment and lower scores indicate more negative sentiment, zero indicates
the average sentiment of the dataset, which may or may not necessarily indicate a
neutral sentiment. To create cut points several hundred hand-coded documents are
needed.

Conclusion
This research presents a novel method for combining multiple indicators of senti-
ment together into a single metric (CSM). This procedure shows promise due to its

applicability to a wide variety of documents and the removal of the decision point
(which sentiment analysis tool to select ?) presented to the researchers. The current
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research indicated three uses for the CSM that are either novel or don’t require
researchers to “guess right” about which SAT to use. First, CSM outperformed
other measures when comparing relative sentiment between documents (e.g., does
sentiment increase or decrease over time). Second, the CSM performed compara-
bly to the best SATs when categorizing documents based on cut points. Finally, the
CSM was able to identify a single appropriate SAT to use on a dataset of unknown
attributes.
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